Abstract. Online Education has broadened the avenues of research on student behavior and performance. In this paper, we compare results in the literature about student behavior patterns and performance with an analysis of VLE logs of online courses offered in Brazil. We conducted a study exploring and analyzing data using statistical methods and machine learning techniques on a dataset provided by a Brazilian institution. Then, we compared the results of our analysis with what the literature says about student behavior and performance. Finally, we show that, although most results related to student access and course completion can also be found in courses offered in Brazil, some of our results contradict existing work, mostly when related to student performance.
Introduction
Distance Learning (DL) is not a novelty. For instance, in Brazil, there are records of correspondence courses in the 19th century [Saraiva 1996] . Years later, with the rising of computers and evolution of the Internet, instructors and students have experienced new ways of teaching and learning. One of the reasons for the increase in supply and demand for online courses is that students can determine their own study pace and participate in courses regardless of geographic distance limitations [Seaton et al. 2014] .
Students' interactions with Virtual Learning Environments (VLEs) are often stored in logs. The analysis of these logs can predict the students' performance, evaluate their learning achievement in a course, and even identify behavior patterns [Romero and Ventura 2010, Dutt et al. 2017] . We conducted a systematic mapping [Damasceno et al. 2019 ] to compile the main problems, objectives, methods, case studies, and results presented in papers that discuss the use of logs to analyze and predict both student behavior and performance. However, all results presented in the mapping were from courses offered outside Brazil.
The purpose of this paper is to identify which results in the literature can be found in online courses offered in Brazil. To achieve our goal, we have explored and analyzed, using statistical methods and machine learning techniques, a dataset provided by a Brazilian institution that offers large-scale online courses. In general, results found in the literature related to student access and course completion can also be found in courses offered in Brazil. However, most analyses about student performance did not show results in line with existing work. This paper is structured as follows. Section 2 shows an overview of the results found in the literature used in this research about student interaction logs analysis. Section 3 describes both the courses and dataset used, as well as the methods adopted in the data analysis. Section 4 presents the procedure adopted to analyze the student interaction logs and discusses the results of the analysis. Lastly, Section 5 presents some final considerations.
Related Work
Logs from VLEs are a gold mine to understand students' behavior and performance. The exploration of these logs has recently leveraged much research on Informatics in Education. For instance, some papers have shown that students can be clustered into different groups based on their access or interaction patterns, such as, with which resources they interact first, how long they stay or at what times they usually access the VLE [Guo and Reinecke 2014 , Park et al. 2017 , Khosravi and Cooper 2017 . In addition, some research has shown that access to the online environment resources increases in periods close to exams or assignment deadlines [Nandi et al. 2011 ,Park et al. 2017 ,Shi et al. 2017 . Complementing that, Chen and Zhang claimed that student inactive for more than continuous 3 weeks, likely had drop out from the course [Chen and Zhang 2017] .
In regard to students' interactions in forum, Nandi et al. showed an increase in forum posts close to deadlines [Nandi et al. 2011] . Other results have shown that: (i) student groups that use more forums tend to have a good performance [Nandi et al. 2011 , Carter et al. 2017 ; (ii) student groups that have more posts are more likely to complete the course [Andres et al. 2018] ; (iii) student groups that complete more assignments tend to use more forums [Kizilcec et al. 2013] ; (iv) forum usage can be used as a predictor of students completing the course [Andres et al. 2018] ; (v) in general, women post more than men [Crues et al. 2018] ; and (vi) student groups that initiate threads in forums tend to complete the course [Andres et al. 2018] and have a good performance [Carter et al. 2017] .
Lastly, some research has presented classification models to predict, through the analysis of students' interaction, their performance [Carter et al. 2017 ,Shi et al. 2017 ,AlShabandar et al. 2018 . Some researchers have found that page viewing times are significantly correlated with students' final score [Zhang and Zhu 2017] and drop out [Shi et al. 2017 , Laveti et al. 2017 . Others stated that successful students are more frequently engaged with online assignments and participate regularly [Guo and Reinecke 2014 , Shi et al. 2017 , Al-Shabandar et al. 2018 , Boulton et al. 2018 , assignment completion is a cue that the student will achieve good performance, and it can also be used as a predictor of course completion [Andres et al. 2018 , Al-Shabandar et al. 2018 . For instance, AlShabandar et al. presented positive correlations between productive, assignment completion, and pass rates [Al-Shabandar et al. 2018] . Finally, Laveti et al. and Al-Shabandar et al. showed that data access can be used as a predictor of students completing the course [Laveti et al. 2017 , Al-Shabandar et al. 2018 .
Dataset and Methods
Our dataset was provided from UNASUS-UFMA 1 , an institution that offers large-scale online courses, mostly in the Healthcare area. They include undergraduate, specialization, and training-on-demand courses. All the courses use the Moodle 2 software platform. The dataset comprises three file types: i) logs file, which provides a timestamped log of every student's interaction with the system, e.g., viewing course materials, interacting with the forum, or any other activity; ii) grades file, which provides both the students' grades and gender; and iii) schedule file, describing the course schedule, including the task deadlines. All user data were anonymized and the students are identified by unique ids in both logs and grades files. Table 1 shows an overview of the dataset, consisting of 5 specialization courses (Saúde da Pessoa Idosa, Saúde da Família, Atenção Básica, Nefrologia and Atenção Domiciliar) offered between 2013 and 2017, with a total of 755,869 records. In particular, three courses were offered more than once (Saúde da Pessoa Idosa, Saúde da Família, Atenção Básica). Each course is organized in two or three cycles and all cycles are composed of a set of modules. In general, these modules are led by instructors (i.e., teachers and tutors), who provide the content in ebooks (available to download in PDF format) and some modules (1 or 2 per course) make use of video and audio resources. Instructors evaluate the students through their postings related to topic discussions in the forum, assignments submitted and quizzes answered. Such evaluations result in numerical values used as part of the module grade. In the end of each cycle, students take a test in a physical classroom, and this grade is used to calculate the final grade of the modules included in the cycle. As a requirement to conclude the course, the students have to achieve module grades greater than or equal to 7 and write a final paper, whose presentation is also in a physical classroom. Apart from the test and final presentation in the classroom, all other course activities are online. In order to verify whether the literature results presented in Section 2 could be reproduced with our dataset, we first conducted an exploratory data analysis to understand, extract, and organize the meaningful data. For instance, the dataset provides 95 user interaction types (e.g., course view, assignment submission, posting on forum). However, only 64 have records related to student interactions. The others were recorded by instructors' interaction, whose analysis is outside the scope of this paper. Therefore, only 64 interaction types were used as features in our analysis. Moreover, we noticed that there are no access records to resources included by the teacher (e.g., ebooks, videos and audios), because all of them were accessed through links to other pages outside of the VLE (e.g., YouTube, ebook repository system).
Then, we counted the records of each feature by student, arranging them per course, edition, and cycle. To improve our analyses, we derived features to identify: i) students who completed the module, based on the grades file which do not present grades of students who dropped out; ii) students who completed the course, verifying who completed all modules and has final paper grades; iii) students' results in each module, identifying whether the student has a final module grade greater than or equal to 7; iv) students' results in course, checking whether the student has all final module grades and final paper grade greater than or equal to 7; v) number of days each student accessed the modules, based on students' access during the cycle period; vi) number of days accessed until the in-class test day, based on students' access during the cycle period; and vii) student inactivity for three or more continuous weeks in the course. We also built a dataset with the number of student accesses by day, arranging them per course and edition.
As all features are represented by categorical and numerical data, statistical methods (e.g., Pearson correlation, Wilcoxon rank test) were used in their analysis and interpretation. The statistical analysis makes inferences about each result presented in the literature on student interactions.
Finally, we also aimed to identify student clusters based on the interaction patterns and develop models to predict both students' performance and drop out. Traditional statistical analyses develop accurate prediction models based on human input in making assumptions about the relationships between variables. Therefore, we used machine learning techniques due to their capabilities to analyze high dimensional log data, of arbitrary form, characterized by both noise and complex non-linear pattern components. The choice of techniques such as K-means, Logistic Regression, Random Forest and Decision Tree used in the development of clustering and prediction models were based on techniques widely used in the literature [Damasceno et al. 2019 ]. In addition, we evaluate our prediction models using as quality measure Precision (Prec.), Recall (Rec.), and F1-Measure (F1).
Analysis and Results
In this section, we present the analysis procedure and discuss the results. We took into consideration the students': i) access and interaction patterns, ii) forum usage, iii) performance, and iv) course completion. In general, we correlated access, interaction patterns and forum usage with the Moodle features that recorded student interactions. We define as student performance their result in the in-class test and course completion, if they presented the final paper. Moreover, the analyses used the dataset grouped by cycle (total of 33) and course edition (total of 14).
First, we used a K-means clustering algorithm to analyze whether the students could be clustered based on their interaction logs in the VLE. The elbow method was used to detect the number of student interaction clusters per cycle through computing and plotting the sum of square errors in order to identify where the marginal gain drops significantly, producing an angle (elbow) in the graph. In line with existing work [Guo and Reinecke 2014, Park et al. 2017, Khosravi and  Cooper 2017], we found 3 or 4 clusters (depending on the course, edition, and cycle). We then noticed that, in all clusters, the feature that records course access (i.e., course view) is the most meaningful to discriminate the clusters. However, there are no significant differences of student performance across the clusters. In other words, the means of test grades are similar in all of them. For instance, Figure 1 shows the dispersion of course access and test grades by cluster in the Saúde da Família course, edition 1, cycle 1. Complementing that, we removed from the dataset the no-show students in the in-class test and, using Pearson correlation, we did not find correlation between the number of page viewing (i.e., course view) and the test grades, contradicting the result found by Zhang and Zhu (2017) . We noticed that the number of accesses increases in periods close to in-class tests and assignment deadlines, in line with existing work [Nandi et al. 2011 , Park et al. 2017 , Shi et al. 2017 . In particular, for in-class tests, we analyzed a period of 15 days before each test date, whereas for the assignments, we analyzed a period since the date the assignment was available until its deadline. To do this, we used the generalized linear mixed-effects model (GLMM) [Bates et al. 2015] and we fit it to the dataset with the number of student accesses by day. Our analysis used the slope to identify the access trend and we defined as increasing trend the positive slopes with significance level of 5%. As described in the Table 2 , 67% of the periods preceding assignment deadlines and 82% of periods close to the in-class tests had an increasing trend. In general, the number of accesses increased on average 1.13 and 1.07 per day before the assignments and in-class tests, respectively. Besides, as presented in Table 3 (i), we found in only three courses inactive students for three or more consecutive weeks (i.e, Saúde da Pessoa Idosa edition 1 and 2, Atenção Básica edition 2). Most inactive students did not complete the course, so inactivity can be used as a cue of course drop out, in line with existing work [Chen and Zhang 2017] .
In regard to forum interactions, we analyzed whether the use of forums was related to students' performance. It is worth noting that forum access is required for all forum activities (e.g., add a post, view comments). Therefore, to this analysis, we correlated the students' forum access (i.e., forum view discussion) and test grades. In addition, we removed the no-show students in the in-class test from the dataset, grouped by cycle. We did not find a significant correlation in most courses, contradicting existing work [Nandi et al. 2011 , Carter et al. 2017 . We used Pearson correlation and we found a significant . 2018] . We split the students by course completion, and through the Wilcoxon rank test and Pearson correlation, we noticed a strong correlation in all courses (p < .0001). However, in all courses, the forum was used in assignments and as part of the module grade and the students cannot add forum topics. We therefore did not analyze whether students who completed more assignments tended to use forums more [Kizilcec et al. 2013] , whether there was correlation between initiating threads and course completion [Andres et al. 2018] , and whether the number of forum posts rose in periods close to deadlines [Nandi et al. 2011] . Table 4 presents the results of the analysis whether women have more postings than men using the dataset grouped by course edition, keeping in mind that in most courses there were more women than men. Using the Wilcoxon rank test and Pearson correlation, we have not found a significant difference of postings according to gender: in some courses, on average men posted more than women, and in others the opposite occurred. This result contradicts existing work [Crues et al. 2018] . Using the same dataset and statistical methods, we analyzed whether there was a correlation between successful students (i.e., who passed in the course) and number of accesses. As shown in Table 3 (ii), our results showed that successful students had more page views than failing students, in line with existing literature [Guo and Reinecke 2014 , Shi et al. 2017 , Al-Shabandar et al. 2018 , Boulton et al. 2018 . Next, we verified whether there was correlation between students' success and completion rate of online assignments. To do this, we used the dataset grouped by cycle without no-show students in the in-class test and split the students by whether they passed or failed. We applied the same statistical methods taking into account the students' grades and assignment features (i.e., quiz attempts, assignment submissions, assignment submissions for grading, forum posts). As a result, we noticed that only 6 of the 33 cycles presented a significant correlation. In most courses, there was no positive correlation between online assignments and pass rates, contradicting existing work [Al-Shabandar et al. 2018 ]. We also built classification models to predict both students' course completion and performance. In general, the dataset used was grouped by course, and by course and cycle. However, we grouped the Atenção Básica course into 5 distinct groups, because it had been offered in 5 distinct ways: (i) the editions 1 and 2 had 3 cycles, whereas the others had 2; (ii) the editions 3 and 4 were designed with 6.5 modules in the first cycle and 8.5 in the second cycle; (iii) the editions 5 and 6 had 4.5 modules in the cycle 1, 7.5 in the cycle 2, and 3 modules out of cycles; (iv) the edition 7 had the same number of modules (total of 7.5) in both cycles; and (v) in edition 8, the cycles comprised 8.5 and 6.5 modules respectively. We split our data per course into 80% to train and 20% to test.
As mentioned in Section 3, we created three models for the prediction tasks: Logistic Regression, Random Forest, and Decision Tree. In order to calibrate our models, we used a 5-fold cross-validation over the training set. Table 5 presents the quality of the best model for the proposed prediction tasks. Each column presents the best model (on average) for each task. First, we built models to predict students completing the course, using the dataset grouped by course with all features. Our Random Forest classifier had F β=1 = 79.34% (Table 5 (i)), in line with some papers that presented accurate classification models to predict student drop out rates through their interaction in the VLE [Shi et al. 2017 , Laveti et al. 2017 . Next, using only features related to assignment submissions and quiz attempts, we analyzed whether assignment submissions could be used as a predictor of course completion [Andres et al. 2018 , Al-Shabandar et al. 2018 . As presented in Table 5 (ii), the Decision Tree had F β=1 = 78.08%, only 1.26% less than the model that used all features (Table 5(i)). We also built models using only features related to data access (i.e., course views) to predict course completion [Laveti et al. 2017 ,Al-Shabandar et al. 2018 ]. As we see in Table 5 (iii), the best performing model was the Decision Tree, with F β=1 = 78.28%, 0.2% greater than the model using only features related to assignment submissions and quiz attempts Table 5 (ii), and 1.06% less than the model that uses all features (Table 5(i)). Then, we used all forum features to predict course completion [Andres et al. 2018] . Table 5 (iv) shows the best model, Decision Tree, with F β=1 = 70.43%, a decrease of 8.91% compared to models that use all features (Table 5 (i)), 7.65% compared to models that use features related to assignment submissions and quiz attempts Table 5 (ii), and 7.85% compared to models that use features related to data access (Table 5( iii)). That shows that using only forum features had a negative impact on model quality. Lastly, we built models to predict student performance through their interaction in the VLE [Carter et al. 2017 , Shi et al. 2017 , Al-Shabandar et al. 2018 . To do this, we used the dataset grouped by course and cycle. We segmented the grades into four groups: (i) lower than 7, (ii) between 7 and 7.9, (iii) between 8 and 8.9, and (iv) between 9 and 10. As we see in Table 5 (v), F β=1 was strongly impacted, decreasing to 32.72%. However, we could not directly compare this model to the other models, since the prediction objective was different: this model aimed to predict student final score, whilst the other ones aimed to predict student course completion.
Final Considerations
This paper compared the results found in the literature about the use of VLE logs to identify student behavior patterns and performance with those found in online courses offered in Brazil in the Healthcare area. We used data exploration, statistical methods and machine learning techniques.
Our analyses showed evidences that the students can be clustered by their accesses and successful students have more page viewing than failed students. We also found results showing that the number of accesses increased in periods close to exams and assignment deadlines. In addition, students who were inactive for three or more consecutive weeks can be used as a cue of course drop out. Besides, we noticed that students who had more posts were more likely to complete the course. In regard to the prediction models, we found good results related to course completion. Conversely, we did not find significant differences of student performance across the clusters. In regard to forum interactions, we also did not find correlations with student performance, and significant difference in postings across gender. Another result was that in most courses there was no positive correlation between online assignment submissions and pass rates. Lastly, the models built to predict the student performance did not achieve reasonable results.
As future work, we aim to identify student study styles through methods of Process Mining and verify whether there is a correlation between those styles and student performance. We also noticed a gap in regard to analyzing instructor behavior in VLEs. In future work, we plan to develop a dashboard using visual analytics techniques. To evaluate the dashboard, we will assess whether there are changes in student performance when instructors are able to see information about student behavior and performance, and act accordingly.
